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wwwcrasys.anu.edu.au'PTP/PrGje^ 
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A Componentized Architecture for Dynamic Electronic Markets Benny Reich Israel Ben-Shaul Department of 
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A System for Generating Intelligent Descriptions of Time-Series Data Sarah Boyd Microsoft Research 
for Generating Intelligent Descriptions of Time-Series Data Sarah Boyd Microsoft Research Institute 
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www.mri.mq.edu.au/~sarahb/icips.ps 
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Modelling and robustness issues in Bavesian time series analysis - West (1995) (Correct) 
Modelling and robustness issues in Bayesian time series analysis Mike West ISDS, Duke University, 
Modelling and robustness issues in Bayesian time series analysis Mike West ISDS, Duke University, 
ftp.stat.duke,edu/pub/WorkingPapers/95-12.ps 

Flexible Seasonal Long Memory and Economic Time Series - Marius Ooms (1995) {Correct) (3 citations) 
Flexible seasonal long memory and economic time series Marius Ooms October 12, 1995 Econometric 

www.eur.nl/few/eb/papers/../pub/oomsart1 .ps 

Graphical techniques for selecting variables for time series.. - Marriott, Pettitt (Correct) 

Graphical techniques for selecting variables for time series data. By J. M. Marriott 1 The Nottingham 

techniques for selecting variables for time series data. By J. M. Marriott 1 The Nottingham Trent 

that can capture both stochastic and deterministic trend, seasonality and serial correlation. We propose 

\ ( vww,math.fsc.qut.edu.au/papers/tsx6.ps,g^ 

Neural Learning of Chaotic Dynamics: The Error.. - Rembrandt Bakker.. (1997) iGojrecQ (4 citations) 
to identify chaotic dynamics from a single measured timeseries. The algorithm has four special features: 1. 
The state of the system is extracted from the time-series using delays, followed by weighted Principal 

www.neci.nj. nec.conVhomepages/giles/papers/UMD-C^^ 

Another Look At Swedish Business Cycles. 1861-1988 - Joakim Skalin. Timo Terasvirta (1996) {Correct} 
(2 citations) 

paper considers nine long Swedish macroeconomic time series whose business cycle properties were 
considers nine long Swedish macroeconomic time series whose business cycle properties were discussed by 

amadeus,wjwi.hu-beriin.de/pub/papersM^ 

Time-Series Similarity Problems and Well-Separated.. - Bollobas, Das.. (1998) (Correct? (6 citations) 
Time-Series Similarity Problems and Well-Separated 
Time-Series Similarity Problems and Well-Separated Geometric 

similar (i.e. they react similarly to changing market conditions) even though one fluctuates near $30 

www.almaden.ibm.com/cs/quest/papers/cg97_expanded.ps 

Evaluating Neural Network Predictors bv Bootstrapping - LeBaron, Weiqend (1994) {Correct) (6 citations) 
exhibit the method in the context of multi-variate time series prediction on financial data from the New 
the method in the context of multi-variate time series prediction on financial data from the New York 
held-out test set that includes the 1987 stock market crash. We also compare the performance of the 

wueoonb.wustl.edu:8089/eps/fin/papers/941 1/941 10G2.ps.gz 

Do We Often Find ARCH Because Of Neglected Outliers? - Franses. van Dijk {Correct} 

of outliers is supposed to correspond with time-varying volatility in financial indicators, there 

This phenomenon is observed in particular for series which are sampled daily or weekly. Since this 

and weekly data on 22 exchange rates and 13 stock market indices using the standard Lagrange Multiplier 

www.eur.nl/few/eb/papers/Jpub/ei9706.ps 

Learning to Classify Sensor Data - Manganaris (1995) (Correct) 

Data from sensors are usually made available overtime and are classified according to the behavior they 
problem of classifying finite, univariate, time series that are governed by unknown deterministic 
www.vuse.vanderbiltedu/^stefanos/stefanos/ltcsd.ps 

Conditional Minimum Volume Predictive Regions For Stochastic. - Polonik. Yao (1999) (Correct) 
by interval/region prediction in nonlinear time series, we propose a minimum volume predictor 
statlab.uni-heidelberg.de/pub/report5/by.series/report.15.ps 
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